Abstract
Introduction

19
The objective of this paper is to critically discuss how to learn about prehistoric so-ologists increasingly use large samples of radiocarbon dates to estimate human population sizes, long-term population growth rates and other demographic pro- 
33
These studies constitute invaluable frames of reference for making more informed 34 inferences about demographic processes from the frequency of radiocarbon date 35 time-series. However, little attention has been paid to the ways that cultural pro-over a given interval of time by prehistoric populations rather than a direct reflec-85 tion of the person years of occupation. This proposition assumes that the mate-86 rials we date (bone, charred wood and seeds, etc.) are the byproducts of energy 87 consumption events that occur as populations live and reproduce, maintaining a 88 social-economic system far from thermodynamic equilibrium. The more of such 89 events that take place during a given time period, the more likely it is that organic 90 waste products will preserve and accumulate. This assumption, we believe, is 91 more informed by theory and closer to the data than the assumption that cultural 92 waste products reflect, in some proportional way, person-years.
93
Second, following Rick's initial assumption, most studies assume that popula-94 tion size and the frequency of radiocarbon dates produced by prehistoric popula- 
Model and Methods
117
To build a model that scales population and the production of datable materials we 118 assume the following: All else equal, the frequency of radiocarbon dates collected 119 via unbiased sampling is one estimate of the quantity of energy consumed by pre-120 historic populations, and the waste products that result are proportional to the total 121 amount of energy consumed. These assumptions are simple, but, we argue, more 122 reasonable than assuming radiocarbon date frequencies are an unmediated reflec-123 tion of population. Given the above assumptions, we propose a model of changes 124 in energy consumption that shares the same structure as a widely used macroeco-125 nomic model of human impacts on ecosystems (York et al. 2003 ).
126
Formally,
where E is total energy consumed; F(A) is a function that describes the energy 128 necessary for an average individual to live and reproduce; and P is population.
129
We assume that F(A) is defined by biological metabolism and economic com- per person is a function of complexity, C; where C is a unitless index of the number 138 of niches or capabilities in a system.
139
In mathematical notation, we write the effect of C on energy consumption as 140 an increasing exponential function: tion and energy consumption might be sub-linear is with a power function, β :
Where E is the total energy consumed by a population; m 2 is a scaling constant;
178
and β 2 is the scaling exponent. Where β 2 is equal to one, population scales linearly 179 with energy consumption; 0 > β < 1 the scaling is sub-linear; and β > 1 the 180 scaling is super-linear.
181
Given equations 2 and 3, we can combine the constants of m 1 and m 2 and set 182 m 1 * m 2 = M to re-write equation 1 as, 
where ε is the variance in the log of energy consumption not explained by popula- 
214
In the second data set, we use estimates of total energy consumption in US transportation, industrial, residential). We are not concerned that many of these 225 energy sources would not result the production of datable materials, but, rather,
226
with describing the general scaling relationship between population and energy 227 consumption.
228
In the third data set, we look at the relationship between the number of fami- Table   230 2). This last data set is not sufficient for a formal regression analysis because the 231 sample size is well below 30 and, thus, standard errors are inflated. Yet, the data 232 set is instructive because we can observe energy consumption at a much smaller 233 scale and level of analysis than in the first two data sets. These data were collected 234 among subsistence farmers as part of an ethnographic study on fuel consump-235 tion and deforestation. Again, economic complexity varies little from village-to-236 village in this data set, so we treat complexity as a constant.
237
Finally, in the fourth data set we observe the relationship between the popu-238 lation size of Kalahari Bushman camps and the number of hearths in each camp.
239
We assume that the number of hearths is a proxy for the amount of fuel-wood camp, so we treat complexity as a constant.
253
We would like to emphasize that we are using data from three different scales
254
(global, national, local), and these data come from a wide variety of economies. at the global scale ( Table 1) . As expected, population has a positive effect on tween population size and total energy consumption, and do so at three different 306 levels of analysis and in five different data sets (Figures 2 & 3) . Further, at a global 307 scale where variation in economic complexity is widest, economic complexity has 
346
Starting with equation 4, since M is a constant, we can let M = 1, hold C = 1, and 347 solve for P at a given time t by raising each side of the equation to a power of 1/β :
Taking our contemporary data as a starting point, we could rescale the fre-349 quency of dates in any given time period by a scaling factor between 1.12-1.26,
350
(i.e., 1/β ) for the range of values derived above from the modern data sets (Knight 351 and Rosa 2012: size in any given time interval, and it increases estimates of population growth.
359
In this case, the rate of change in the scaled summed probability distribution
360
(SPD) is 15 % faster, and, thus, the estimated growth rate 15 % faster than an un- to be adjusted to account for the sub-linear scaling of population and energy con-397 sumption. Rather, if absolute growth rates are important, then we need to build 398 frames of reference useful for estimating absolute growth rates from SPD data.
399
Conceptualizing radiocarbon date time-series as estimates of energy consump-400 tion, thus, does not preclude using SPDs to estimate demographic parameters, but 401 rather, gives us a more informed way to do so. This is just one advantage of devel-402 oping a model framework, from the factors that should drive energy consumption 403 in human societies, for predicting variation radiocarbon date frequencies. 
412
Much work has gone into these issues. Intuition probably tells most archaeologists 413 that these issues are more important than the social dynamics of prehistoric pop-414 ulations that created the radiocarbon record through energy consumption events.
415
This, however, is an empirical question, and our approach does not reject the im-416 portance of sampling bias and taphonomic processes. Our approach simply puts 417 processes external and internal to prehistoric systems on a more equal footing so 418 that we can begin to tease apart the most important factors.
419
As a final discussion point, the theoretical framework developed above provides 
Conclusion
437
The purpose of this paper has been to critically discuss how to observe prehistoric We propose that large, regional-scale samples of radiocarbon dates estimate changes in the consumption of energy in prehistoric populations rather than popu- 
491
To end, we would like to emphasize again that our contribution is theoretical.
492
We have proposed a quantitative model to describe the relationship between the 493 production of radiocarbon dates and human population. The practical relevance is 494 twofold. First, the model we have specified allows us to predict how radiocarbon 495 dates should covary with other classes of archaeological material culture. Second,
496
and the nominal focus of our paper, the model allows us to make better judgments 497 about how to infer prehistoric population parameters from large samples of radio-498 carbon dates. Our approach is not a finished product, but it is an initial step toward 499 a more mature, deductive approach to learning about social and demographic pro-500 cesses from large samples of radiocarbon dates. 
